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Abstract – Objectives: The aim of this study was to show the potential of
Bayesian analysis in statistical modelling of dental caries data. Because of the
bounded nature of the dmft (DMFT) index, zero-inflated binomial (ZIB) and
beta-binomial (ZIBB) models were considered. The effects of incorporating
prior information available about the parameters of models were also shown.
Methods: The data set used in this study was the Belo Horizonte Caries
Prevention (BELCAP) study (Bo¨hning et al. (1999)), consisting of five variables
collected among 797 Brazilian school children designed to evaluate four
programmes for reducing caries. Only the eight primary molar teeth were
considered in the data set. A data augmentation algorithm was used for
estimation. Firstly, noninformative priors were used to express our lack of
knowledge about the regression parameters. Secondly, prior information about
the probability of being a structural zero dmft and the probability of being
caries affected in the subpopulation of susceptible children was incorporated.
Results:With noninformative priors, the best fitting model was the ZIBB.
Education (OR = 0.76, 95% CrI: 0.59, 0.99), all interventions (OR = 0.46, 95%
CrI: 0.35, 0.62), rinsing (OR = 0.61, 95% CrI: 0.47, 0.80) and hygiene (OR = 0.65,
95% CrI: 0.49, 0.86) were demonstrated to be factors protecting children from
being caries affected. Being male increased the probability of being caries
diseased (OR = 1.19, 95% CrI: 1.01, 1.42). However, after incorporating
informative priors, ZIB models’ estimates were not influenced, while ZIBB
models reduced deviance and confirmed the association with all interventions
and rinsing only. Discussion: In our application, Bayesian estimates showed a
similar accuracy and precision than likelihood-based estimates, although they
offered many computational advantages and the possibility of expressing all
forms of uncertainty in terms of probability. The overdispersion parameter
could expound why the introduction of prior information had significant
effects on the parameters of the ZIBB model, while ZIB estimates remained
unchanged. Finally, the best performance of ZIBB compared to the ZIB model
was shown to catch overdispersion in data.
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Statistical models play a key role in epidemiology
to provide the best representation of oral health
data and interpretation of the data generation pro-
cess. Final indicators deriving from each model’s
results are helpful for epidemiologist working in
the oral health field, with the aim of achieving the
goals set by international institutions such as the
World Health Organization.
Bayesian and Frequentist are the two souls of
statistical modelling. Frequentist probability is
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defined as the relative frequency of an event in
hypothetical infinite sequences of randomized
experiments or random samplings. The constant
parameter defining the population under study is
estimated under the theoretical distribution
hypothesized for random error. As an alternative,
Bayesian probability is defined as the ‘personal
belief’ that a rationale and coherent subject may
have upon the occurrence of an event. Within this
setting, parameter is a random variable whose dis-
tribution, the so-called prior distribution, is used to
express personal uncertainty about parameter’s
value. After data observation, Bayes’ rule is
applied to obtain posterior distributions for
unknown parameters, which take into account
both the priors and the data. In practice, the differ-
ence between the two approaches is the explicit
prior used in Bayesian reasoning. The experiment-
ers’ knowledge or experience can be essential
information, which makes the Bayesian inference
more plausible. Sensitivity analysis is usually con-
ducted to evaluate the robustness of results relative
to the choice of the prior. As an alternative to infor-
mative priors, either empirical priors or vague
priors can be chosen (1).
Bayesian analysis spread only after the algorith-
mic developments of the late 1980s. Using Markov
chain Monte Carlo (MCMC) algorithms for Bayes-
ian computation, it is straightforward to fit realistic
and complex models, whose assessment of theoret-
ical assumptions of maximum-likelihood (ML) esti-
mation can be very difficult or impossible. One
advantage of using MCMC procedures can be
traced in the credibility interval (CrI)’s interpreta-
tion as the interval containing the true parameter
with some probability (1- a). By contrast, interpre-
tation of the Frequentist confidence interval is far
less attractive as the interval containing the true
parameter 100(1- a) per cent of the time if data
were repeatedly produced by the assumed random
sampling process. Epidemiologic surveys are diffi-
cult to frame within a repeated sampling scheme,
which makes the Bayesian interpretation more
appealing. Frequentist hypotheses are questionable
in observational studies, where neither random
sampling nor randomization is performed and
uncontrolled sources of bias, such as confounding,
selection bias and measurement error can be pres-
ent (2). Through the use of informative priors (IPs)
for the coefficients of interest, Bayesian framework
can be a very attractive alternative (3).
In dental caries epidemiology, the dmft (DMFT)
index, defined as the number of primary (perma-
nent) teeth (t) that are decayed (d), missing (m) or
filled (f) because of dental caries disease, has been
the most used indicator to measure the caries expe-
riences of individuals.
During the 1970s, the prevalence of dental caries
showed a substantial decrease in most industrial-
ized countries (4–8), which stabilized from 1980
onwards (9) chiefly due to the widespread use of
fluoride-containing toothpastes (10–14). As a con-
sequence, nowadays, the dmft (DMFT) distribution
is characterized by being very positively skewed
with a high proportion of zero scores, correspond-
ing to healthy people.
Poisson and binomial distributions are the most
suitable theoretical distributions to model count
data. If the data have larger variance than expected
under the assumption of a Poisson/binomial distri-
bution, an overdispersion parameter should be
included to measure the variance surplus. The
Poisson distribution and other Poisson-based mod-
els like the overdispersed Poisson, best known as
the negative binomial (NB), the zero-inflated Pois-
son (ZIP) and the zero-inflated NB (ZINB), have
been extensively used to model the dmft (DMFT)
index (15–17).
Zero-inflated models can be proposed if data
have excess zeros, reflecting a desirable health con-
dition. These models constitute a mixture of a stan-
dard probability distribution for count data,
representing a ‘susceptible’ subpopulation of chil-
dren said to be at risk for a disease or condition
(e.g. dental caries), and a subpopulation of ‘nonsus-
ceptible’ children with only zero counts (structural
zeros), who are considered to be not at risk (18).
Indeed, in proper statistical modelling of the
dmft (DMFT) index, the bounded nature of data
must be considered. In fact, the dmft (DMFT) index
may range between zero and twenty (or thirty-
two), the number of teeth in the child’s (adult’s)
mouth. In this case, the Poisson distribution is not
appropriate because it is only recommended to
model unbounded count data. Binomial models
and other binomial-based models like overdi-
spersed binomial, best known as beta-binomial
(BB) model, the zero-inflated binomial (ZIB) and
the zero-inflated BB (ZIBB), have to be considered
instead of Poisson-like models (19–22).
Most studies on the subject follow the Frequen-
tist estimation approach (17, 19–28). The Bayesian
approach was proposed for Poisson-based models,
like ZIP, ZINB models (29–32) and zero-inflated
Poisson difference (ZIPD) models for paired count
data (33), and hurdle Poisson, ZIP and zero-altered
474
Matranga et al.
Poisson models for longitudinal zero-inflated
count data (34).
The aim of this study was to propose Bayesian
modelling of the dmft (DMFT) index by the appli-
cation of ZIB and ZIBB models and to guide the
epidemiologist in the choice of the best model
depending on the presence or absence of overdi-
spersion and excess zeros. Moreover, the effects of
incorporating prior information about a model’s
parameter were considered.
The performance of the proposed methods was
shown on the data of the Belo Horizonte Caries
Prevention (BELCAP) study (16), the most fre-
quently used for methodological purposes in den-
tal caries research within the Frequentist statistics
framework (available at http://cran.r-project.
org/). Analysis of these data is not given any clini-
cal interpretation but has only been considered as
illustrative of the methodology.
Methods
Data of five variables were collected among 797
seven-year-old school children living in an urban
area of Belo Horizonte (Brazil) for the evaluation of
four programmes for reducing caries: oral health
education, enrichment of the school diet with rice
bran, rinsing with 0.2 per cent sodium fluoride
solution and oral hygiene. Two additional experi-
mental factors were considered: all the interven-
tions together and none of the interventions.
Altogether, the data set comprised a factor variable
with six levels called treatment, two categorical
variables indicating gender and ethnic group, the lat-
ter with 3 levels brown, white and black, and two
count variables indicating the dmft index before
and after the treatment, respectively, named begin
and end. Data were recorded for the eight primary
molar teeth only, so in this data set, the dmft index
ranges between 0 and 8. While only negative devel-
opment can be expected in studies on elderly pop-
ulations, in this data set, the caries state of children
could improve (16). The experimental design was
without replication, with every treatment random-
ized to only one school.
Zero-inflated binomial and zero-inflated beta-
binomial models were included in data analysis.
Referring to the ZIB model, if N is the number of
teeth in the mouth, pi is the probability of being
structural zero and pi represents the probability of
being caries affected at the end of the treatment for
susceptible children, the probability of dmft counts
Yi, i = 1,2,…,n can be expressed as:
Prob yi ¼ 0
  ¼ pi þ 1 pið Þ 1 pi N
Prob yi ¼ y
  ¼ 1 pið Þ Ny
 
p
y
i 1 pi
 Ny ½1
meaning that the overall probability of zero counts
is the combined probability of zeros from two
groups (nonsusceptible and susceptible children),
and the probability of positive counts comes from
the group of susceptible children only. The proba-
bility pi and the binomial mean pi may depend
upon covariates through appropriate link func-
tions, which both take the form of the logit.
logit pið Þ ¼ a0 þ a1malei þ a2;1whitei þ a2;2blacki
þ a3;1educi þ a3;2alli
þ a3;3enrichi þ a3;4rinsei þ a3;5hygienei
logit pið Þ ¼ b0 þ b1malei þ b2;1whitei þ b2;2blacki
þ b3;1educi þ b3;2alli
þ b3;3enrichi þ b3;4rinsei þ b3;5hygienei
½2
Through model [2], it was investigated whether
there was a significant association of the dmft at the
end of follow-up with gender, ethnicity and treat-
ment, all considered as fixed effects defined at child
level. Female, brown and none of the interventions
served as reference categories to estimate the odds
ratio (OR) of caries. ZIBB models could be easily
expressed aswell, with the necessary adaptations (19).
Results of models were described in terms of
medians, 95% CrIs and MC Error/SD of posterior
distributions of ORs.
The data augmentation procedure for Bayesian
estimation was applied (30, 31). Under a full Bayes-
ian estimation approach, prior distributions were
assumed for all parameters. The regression coeffi-
cients a’s and b’s were assumed to follow noninfor-
mative prior normal distributions with zero mean
and precision=103, and the overdispersion param-
eter was assumed to follow noninformative
gamma (103,103). In further analysis, to incorpo-
rate prior information about pi and p, we used IPs
for the intercepts a0 and b0 in [2] and assigned
fixed known values to the parameters of their prior
distributions (called hyperparameters). As the
probability of being a structural zero is always less
than the probability of being caries-free φ (18), for
a0 we used the normal distribution centred on
mean equal to ln(φ/(1- φ)) and truncated for
values more than the mean. As the mean dmft in
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susceptible subpopulation is always more that the
mean dmft in the whole population m (18), for b0
we used the normal distribution centred on mean
equal to ln(m/(N- m)) and truncated for values less
than the mean. For all regression coefficients, preci-
sion was chosen equal to 101, and the overdisper-
sion parameter was assumed to follow gamma
(101, 101). From oral health statistics of the Bra-
zilian population (35), mean dmft for 5-year-old
children (twenty primary teeth) in 1996 was m=3.0
and% of caries-free children was φ=0.406 in 2003.
The codes for ZIB and ZIBB models are described
in the Appendix.
All analyses were performed using Winbugs
14.0 (36), a Bayesian software package which is free
of charge. Sampling from posterior distribution of
zero-inflated models was performed through
MCMC techniques (37). The models were fitted
using the Metropolis–Hastings algorithm (38, 39).
To eliminate the influence of the starting values, an
initial 10 000 burn-in iterations was done. Every
10th MCMC sample thereafter was retained from
the next 100 000 iterations, to eliminate autocorre-
lation, and 10 000 samples were obtained for sub-
sequent posterior inference of the unknown
parameters. Convergence of the generated samples
was assessed using standard Winbugs tools (such
as trace plots and autocorrelation function (ACF)
plots). The Monte Carlo error (MC) by standard
deviation (SD) ratio was used as quality indicator
of MCMC simulations, because it measures the
variability of each estimate due to the simulation.
The cut-off 0.05 was considered to indicate bad
performance. The deviance, defined as -2 times the
log-likelihood, was used to assess goodness of fit.
The lower the deviance, the better the fit.
Results
Results of the ZIB model with noninformative
prior showed that, of the six interventions consid-
ered in the prevention programme, all interven-
tions together and rinsing resulted statistically
significant in predicting the probability of a child
being a structural zero, with posterior ORs and
95% CrIs, respectively, equal to 2.90 (95% CrI: 1.45,
5.91) and 2.63 (95% CrI: 1.39, 5.12) (data not in
Table). With regard to the count part of the ZIB
model (Table 1, 1st column), only education
(OR=0.70, 95% CrI: 0.55, 0.89), hygiene (OR=0.77,
95% CrI: 0.60, 0.97) and all interventions (OR=0.62,
95% CrI: 0.48, 0.80) were associated with a
decreased probability of a child being caries
affected. The percentage of caries-free children was
estimated as 28.7% (95% CI: 25.7, 31.8). The devi-
ance was DZIB=2198 (95% CI: 2123, 2290).
From the ZIBB model with noninformative prior
(Table 1, 2nd column), an overdispersion parame-
ter equal to 0.17 (95% CI: 0.14, 0.21) was estimated,
which seemed to provide sufficient explanation of
the unobserved heterogeneity. In fact, unlike the
ZIB results, none of the interventions considered in
the prevention programme was associated with the
probability of being a structural zero compared to
the control group (data not in Table). With regard
to the count part of the ZIBB, education (OR=0.76,
95% CrI: 0.59, 0.99), rinsing (OR=0.61, 95% CrI:
0.47, 0.80), hygiene (OR=0.65, 95% CrI: 0.49, 0.86)
and all interventions (OR=0.46, 95% CrI: 0.35, 0.62)
protected children from being caries affected.
Being male increased the probability of being car-
ies diseased (OR=1.19, 95% CrI: 1.01, 1.42). The per-
centage of caries-free children was estimated as
27.6% (95% CI: 24.8, 30.5). The deviance was
DZIBB=2152 (95% CI: 2070, 2237). After incorporat-
ing IPs (Table 1, 3rd column), ZIB model estimates
were not influenced, while ZIBB models reduced
deviance (DZIBB_IP=2136 (95% CrI: 2048, 2225)) and
showed the association with all interventions and
rinsing only. All models agreed in estimating the
mean dmft as 1.84 (95% CrI: 1.73, 1.96).
Discussion
The long debate in literature on caries data analysis
dates back to the pivotal study of Bo¨hning et al.
(16), who first proposed the use of the ZIP model
to take account of excess zeros. In the wake of this
study, ZIB and ZIBB models were proposed (19,
22) to take into account the bounded nature of the
dmft index, and the use of covariates in the count
part of zero-inflated models was advocated. In the
present study, we developed ZIB and ZIBB models
within a Bayesian framework and we also mod-
elled prior information about parameters.
In case of zero-inflated modelling, the advanta-
ges of the Bayesian compared to the classical
approach can be highlighted. In classical methods
such as maximum likelihood (ML), parameter esti-
mates are found through numerical optimization,
which can be computationally intensive in the
presence of many unknown parameter values.
Alternatively, Bayesian parameter estimates are
found by drawing realizations from the posterior
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distribution. Within large data set, the two meth-
ods are shown to be equivalent through the Bern-
stein–von Mises theorem (40). This property allows
Bayesian methods to be used in place of classical
methods, under certain conditions, which are
asymptotically similar and may have significant
computational advantages.
Furthermore, the advantages of Bayesian analy-
sis include user-friendly interpretation of esti-
mated parameters, practical estimation of any
function of parameters or predictive values,
reduced small-sample bias compared to ML proce-
dures (30, 41) and incorporation of prior informa-
tion, if not for all the coefficients, at least for the
confounding ones (1). The greatest flexibility of
Winbugs software in adapting the model assump-
tions compared to other statistical packages (42), in
addition to its availability and popularity, is that it
can balance the lower computational speed caused
by MCMC sampling.
To show the potential of Bayesian analysis in sta-
tistical modelling of the dmft index, we used the
BELCAP data set, which is easily accessible but
affected by a weak study design, with only one
treatment arm randomized to one school.
The practice for Bayesian data analysis starts
with considering noninformative priors as ‘refer-
ence models’ to be used as a standard of compari-
son or starting point in place of the proper,
informative prior distributions that would be
appropriate for a full Bayesian analysis (43, 44).
After the model has been fitted with noninforma-
tive prior, one should look at the posterior distribu-
tion and see whether it makes sense. If the
posterior distribution does not make sense, this
implies that additional prior knowledge is avail-
able that has not been included in the model and
that contradicts the assumptions of the prior distri-
bution that has been used. It is then appropriate to
go back and alter the prior distribution to be more
consistent with this external knowledge (45).
In the first phase of our study, we used noninfor-
mative diffuse priors to extend the range of possi-
ble values for each parameter. The drawback of
this choice could be the increase in the width of
CrIs and the consequent loss in precision of estimated
Table 1. ZIB and ZIBB models for BELCAP study: medians, 95% credibility intervals and MC error/SD of posterior
distributions of odds ratios of being caries affected in susceptible children
ZIBb with noninformative
prior
ZIBBb with noninformative
prior
ZIBBb with informative
prior
ORs 95% CrI MC Error/SD OR 95% CrI MC Error/SD OR 95% CrI MC Error/SD
Intercept 0.49 (0.40, 0.60) 0.041 0.37 (0.29, 0.46) 0.045 0.38 (0.29, 0.50) 0.041
Interventiona
Education
versus none
0.70 (0.55, 0.89) 0.030 0.76 (0.59, 0.99) 0.033 0.75 (0.56, 1.00) 0.035
Enrichment
versus none
0.92 (0.73, 1.13) 0.030 0.88 (0.68, 1.15) 0.034 0.89 (0.66, 1.22) 0.037
Rinsing
versus none
0.82 (0.66, 1.03) 0.031 0.61 (0.47, 0.80) 0.034 0.65 (0.47, 0.96) 0.043
Hygiene
versus none
0.77 (0.60, 0.97) 0.028 0.65 (0.49,0.86) 0.032 0.65 (0.48, 0.91) 0.036
All versus
none
0.62 (0.48, 0.80) 0.027 0.46 (0.35, 0.62) 0.033 0.48 (0.34, 0.70) 0.039
Gendera
Male versus
female
1.12 (0.97, 1.29) 0.027 1.19 (1.01, 1.42) 0.030 1.18 (0.98, 1.42) 0.033
Ethnicitya
White versus
brown
0.13 (0.96, 1.31) 0.028 1.13 (0.94, 1.36) 0.032 1.14 (0.88 1.44) 0.042
Black versus
brown
0.92 (0.73, 1.16) 0.021 0.82 (0.62, 1.08) 0.028 0.84 (0.61, 1.19) 0.037
Overdispersion 0.17 (0.14, 0.21) 0.018 0.16 (0.12, 0.20) 0.035
Deviance 2198 (2123, 2290) 0.016 2152 (2070, 2237) 0.013 2136 (2048, 2225) 0.019
Estimated
mean dmft
1.85 (1.75, 1.96) 0.011 1.84 (1.73, 1.96) 0.018 1.84 (1.73,1.96) 0.011
Estimated%
of zeros
28.7 (25.7, 31.8) 0.009 27.6 (24.8, 30.5) 0.018 27.8 (25.0, 30.8) 0.015
aReference categories: ‘none’ for intervention, ‘female’ for gender, ‘brown’ for ethnicity.
bAll covariates were included to model zero inflation.
Abbreviations: ZIB, zero-inflated binomial; ZIBB, zero-inflated beta-binomial.
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parameters. Our estimates had about the same
accuracy and precision as likelihood-based esti-
mates (19). With large sample size, Bayesian esti-
mates are much more driven by the observed data
and less by the priors and they correlate very clo-
sely with ML estimates, as they have the same
asymptotic normal distribution.
On the base of the mean dmft or the percentage
of caries-free children, our models were shown to
be very similar each other. The deviance criterion
indicated the best-fit model as the ZIBB, estimating
higher variability than that one predicted by the
ZIB model. Through Bayesian analysis, it was pos-
sible to model overdispersion easily, using a nonin-
formative gamma distribution in the MCMC
algorithm.
In the second phase of our study, we used IPs
for the intercepts of inflation and count compo-
nents of the models. From the point of view of the
epidemiological study, this means giving prior
information about both the odds of being a struc-
tural zero dmft and the odds of being caries
affected in the subpopulation of susceptible chil-
dren, when all covariates are null. After incorporat-
ing IPs, ZIBB model estimates were affected in
such a way that education and gender were no
longer associated with the probability of being car-
ies affected. The introduction of prior information
can have significant effects on the parameters of
the model through hyperparameters, which can
control the amount of noise in a regression model,
the degree to which various input variables are rel-
evant, and the magnitudes of different additive
components of a model (46). Hence, prior informa-
tion should be adequately supported by literature
and should receive the consensus of the relevant
scientific community.
The overdispersion parameter can expound why
IPs affected only ZIBB models, while ZIB estimates
remained unchanged. In fact, the overdispersion
parameter explains a significant proportion of the
total variability of the response that the ZIB model
is not able to explain. When adding further infor-
mation through IPs, some variables become redun-
dant in the ZIBB but not in the ZIB model.
One limitation of our study was associated
with the choice of the goodness-of-fit statistics. In
fact, the deviance information criteria (DIC)
obtained by incorporating into the deviance a
penalization factor for the number of estimated
parameters (47) may not be a viable option when
posterior distributions are extremely skewed or
bimodal (36), as it is in case of zero-inflated mod-
els. Moreover, the default DIC option in Winbugs
was not available for the models presented in this
article. In any case, with a large sample size, the
penalization factor is negligible with regard to the
deviance. There are a variety of DIC alternatives,
but many of these are more computationally chal-
lenging than the default provided by Winbugs
(34). While its original formulation is appropriate
in most generalized linear modelling problems, it
fails in other contexts (36).
Bayesian estimation could be suggested as an
alternative to Frequentist methods in the modelling
of the dmft index. In Bayesian analysis, the proba-
bility of being a structural zero and the probability
of being caries affected related to covariates could
be investigated by checking whether the hypothe-
sized value lies in the central region or in the tails
of the posterior distribution. In this case, the corre-
sponding CrIs could give the epidemiologist an idea
about whether his/her assumption could be plausi-
ble or not. Moreover, Bayesian models could give
the opportunity to include his/her own personal
beliefs about the phenomenon under investigation.
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Appendix
model{ #WINBUGS CODE FOR ZIB MODEL
#likelihood
For(i in 1:n){
dmft[i]~dbin(mu[i],N)
mu[i] (1-u[i])*pi[i]
u[i]~dbern(p[i])
logit(p[i])=alpha0+alpha[1]*gender[i]+alpha[2]*ethnicity[i,1]+alpha[3]*ethnicity[i,2]+
+alpha[4]*treat[i,1]+alpha[5]*treat[i,2]+alpha[6]*treat[i,3]+alpha[7]*treat[i,4]+alpha[8]*treat
[i,5]
logit(pi[i])=beta0+beta[1]*gender[i]+beta[2]*ethnicity[i,1]+beta[3]*ethnicity[i,2]+
+beta[4]*treat[i,1]+beta[5]*treat[i,2]+beta[6]*treat[i,3]+beta[7]*treat[i,4]+beta[8]*treat[i,5]
zdp[i] p[i]+(1-p[i])*pow((1-pi[i]),N)
m[i] (1-p[i])*N*pi[i]
}
caries_free mean(zdp[])
mean_dmft mean(m[])
model{ #WINBUGS CODE FOR ZIBB MODEL
#likelihood
For(i in 1:n){
dmft[i]~dbin(Mu[i],N)
Mu[i]<-(1-u[i])*mu[i]
mu[i]~dbeta(teta1[i],teta2[i])
u[i]~dbern(p[i])
teta1[i]<-pi[i]/tau
teta2[i]<-(1-pi[i])/tau
logit(p[i])=alpha0+alpha[1]*gender[i]+alpha[2]*ethnicity[i,1]+alpha[3]*ethnicity[i,2]+
+alpha[4]*treat[i,1]+alpha[5]*treat[i,2]+alpha[6]*treat[i,3]+alpha[7]*treat[i,4]+alpha[8]*treat
[i,5]
logit(pi[i])=beta0+beta[1]*gender[i]+beta[2]*ethnicity[i,1]+beta[3]*ethinicity[i,2]+
+beta[4]*treat[i,1]+beta[5]*treat[i,2]+beta[6]*treat[i,3]+beta[7]*treat[i,4]+beta[8]*treat[1,5]
zdb[i] p[i]+(1-p[i])*exp(loggam(N+teta2[i])+loggam(teta1[i]+teta2[i])+
-loggam(1)-loggam(teta1[i]+teta2[i]+N)-loggam(teta2[i])
m[i] (1-p[i])*N*pi[i]
}
caries_free mean(zdp[])
mean_dmft mean(m[])
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